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Abstract
In the past few years, with the proliferation of mobile devices people are experiencing frequent communication and information
exchange. For instance, in the context of tourist visits, it is often the case that each person carries out a smartphone, to get
information about touristic places. When one visits some location, a tourist guide application will recommend useful information,
according to its current location, preferences, and past visits. Afterwards, the tourist guide allows for the user to provide feedback
about each visit. In this paper, we address the development and the key features of a tourist guide, named GuideMe. Its mobile
and Web applications provide consultation, publication, and recommendation of touristic locations. Each user may consult places
of touristic interest, receive suggestions of previously unseen touristic places according to other users recommendations, and to
perform its own recommendations. The recommendations are carried out using the well-known Mahout library. As compared to
previous recommender based tourist guides, the key novelties of GuideMe are its integration with social networks and the unique set
of options oﬀered in the application. The usability and load tests performed to evaluate the service, including its recommendation
engine, have shown both the adequacy of the designed interfaces as well as good response times.
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1. Introduction
Every day, many people visit well-known touristic locations around the world. However, many unknown places
deserve to be visited but people don’t know about their existence, due to the lack of public information. Many points
of interest may be located within a range of dozens of kilometers from our homes, but usually we prefer to travel
hundreds or even thousands of kilometers to visit some other well-known locations. Recently, with the proliferation
of smartphones and social networks, people got closer. Usually, people carry out a mobile device, being able to gather
information about their surroundings, which is used by the so-called tourist guide applications to suggest touristic
attractions, based on context factors such as location, weather conditions, and available time.
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1.1. Our Contribution
In this paper, we address the development and the key features of a tourist guide, named GuideMe, with a mobile
and a Web application, that allows for users to consult places of touristic interest. The service oﬀers a set of search
ﬁlters to facilitate the exploration of new locations. In order to easily attract new users, the Facebook and Twitter
social services are integrated in the service, allowing for users of these social services to easily register as a new user
or to login into the GuideMe service. Thus, it is possible to follow a user directly through the GuideMe service. The
system suggests new locations based on both the user’s past actions and its current location. It takes into account the
preferences of other users, through a recommender system (RS) [5]. Users provide information regarding the locations
that they visit. The RS uses this information to suggest a list, sorted by decreasing preference, of new places of interest
to other users. Currently, there is no interaction between the RS and the supported social services. In future work, we
intend to implement this interaction, for instance, by considering user rating or comments and friends similarity.
The remainder of this paper is organized as follows. Section 2 brieﬂy reviews existing tourist guides. The key
features of RS are described in Section 3. Section 4 addresses our approach and the technologies involved. The
mobile and Web prototypes are presented in Section 5. In Section 6, we report an experimental evaluation of the
developed system. Finally, Section 7 ends the paper with some concluding remarks.
2. Tourist Guides: existing approaches
In this Section, we brieﬂy review the key features of existing tourist guides, proposed in the past few years. The
TouristEye service [3,14] is available as a Web application, with mobile clients for iPhone and Android. It oﬀers a
wide range of points of interest organized by categories such as attractions, restaurants, and entertainment. Registered
users can mark touristic places as visited, provide a comment stating their degree of satisfaction, and they can describe
their visits, by taking notes and photos in the mobile application. In order to visualize points of interest, the Google
Maps service is integrated within the Web and mobile applications. Users can plan their trips, composed by points
of interest, and the map service is used to display routes between these locations. The TouristEye service has an
integrated RS such that new points of interest are automatically displayed to the user.
The GuidePal Oﬄine City Guides [7] allows for users to download varied content for diﬀerent cities and to consult
information regarding restaurants, coﬀee shops, places to visit, and other attractions. In order to list the existing points
of interest, the user selects the desired city and category. Afterwards, a description for the points of interest is shown.
The mTrip travel guide service [9] is mainly used for big cities such as Paris, Berlin, and Madrid, among others. It
is available as a separate application for each one of the major cities (for iPhone and Android) and allows people to
consult information regarding points of interest without an Internet connection. Users can plan an itinerary or create
guides for the cities by providing the detailed information on the touristic attractions which they plan to visit. After
specifying the dates for the trip, each user can manually compose its itinerary or allow mTrip to generate one. Each
point of interest is accompanied by a description, a photo, opening hour, prices, as well as the comments and ratings
from other travelers. It includes an augmented reality tool to preview the points of interest near the user’s location.
The Triposo service [15] oﬀers similar features to those of mTrip. However, it includes much more countries
as well as smaller cities. When one picks the country to visit, the download of information regarding the points of
interest for that country starts immediately, allowing to consult this information later in oﬄine mode. For big cities,
it provides special information regarding the city guide about all sights, a list of restaurants and extended nightlife
options. It also provides a travel dashboard with currency converter, weather info, and useful native language phrases.
Foursquare [4] is a service that allows registered users to “check-in” at their current location. It provides Web
and mobile applications for iPhone, Android, and Blackberry. Users with special permission can contribute with new
locations, such as coﬀee shops, restaurants, and sights. The service was created in 2009; in March 2011 a RS was
added for suggesting places that users might like, based on their past actions. In 2013, a new version was published
allowing users to consult the sights nearby their current location. Regarding release dates, the mTrip and TouristEye
were proposed in 2010, and both Triposo and GuidePal in 2011.
The tourist guides mentioned above are well-known applications. Recently, the research community has been
focusing on new methods to solve known deﬁciencies of RS, with hybrid systems [8,12], that integrate diﬀerent
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approaches as well as standard RS approaches. In [12], we have a mobile recommendation and planning system
(named PSiS Mobile), designed to provide eﬀective support during a tourist visit through context-aware information
and recommendations about points of interest, exploiting tourist preferences and context. In [8], the authors implement
a recommendation methodology in a RS for tourism, with associative classiﬁcation methods. This approach combines
classiﬁcation and association rules in a prediction context. The method was evaluated on a set of case studies being
able to shorten limitations presented in RS, while enhancing the recommendation quality. Other recent works [1,
10], also include social networking services. In [1], an artiﬁcial intelligence-based architecture for tourist guides is
proposed, regarding the user modeling and RS components. Through the use of several machine learning techniques,
such as linear models, neural networks, classiﬁcation, and text mining, a tourist guide application is proposed. A
prototype was developed, including a user modeling process and a hybrid RS. The system was tested in the scope of
Oporto city, Portugal. In [10], the authors integrate online social networks and tourism information systems, proposing
an evolved version of their previous work, the Toursplan information system. In this novel work, Toursplan is backed
up by an online social network, which enables exploitation of social data to generate collective intelligence in the
tourism and travel domains, and thus improving the quality of its recommendation and planning services.
3. Recommender Systems
Recommender systems (RS) [11] are used to generate meaningful information to a collection of users for items or
products that might interest them. The recommendation process can be done through the analysis of the items char-
acteristics, named as content-based ﬁltering (CBF). Another approach, designated as collaborative ﬁltering (CF), use
evaluations about items done by other users. In CBF methods, the items are recommended to the active user based on
those items he has been interested in the past, and opinions of other users are not considered. So, recommendations
are based on the object features as well as on data acquired on the behavior of each user.
In CF methods, the recommendation process is based on ratings of “similiar” users, that is, users who have simi-
lar preferences. The CF methods are classiﬁed into two categories [8]: memory-based (or user-based collaborative
ﬁltering – UBCF) methods and model-based (or item-based collaborative ﬁltering – IBCF). Memory-based type of
algorithms are also known as the nearest neighbors method, being the ﬁrst technique to be employed in this category.
When computing the recommendation, the whole set of user ratings is processed because the opinions of the current
user are compared with the ones of all the other users in order to ﬁnd the neighbors (users with the most similar
opinions). Model-based techniques use a diﬀerent strategy, mainly to minimize some weaknesses (see text below) of
the memory-based methods. Model-based methods use data mining techniques to develop a model of user ratings,
which is used to predict user preferences.
Comparing CBF, UBCF, and IBCF, we conclude that each of these techniques has its own advantages and draw-
backs. Content-based methods have the diﬃculty in distinguishing between high-quality and low-quality information
on the same topic or to extract relevant characteristics from certain items such as multimedia items [8]. The following
drawbacks are usually pointed to CF systems:
• Cold start or ﬁrst-rater problem - which means that a new item added to the system cannot be recommended to
any user until that item is rated.
• Sparsity - users tend to rate only a few items over the entire set, resulting in a very sparse matrix, i.e., a matrix
with a high percentage of empty cells. This compromises the ability of the systems at successfully locating
neighbors, yielding poor recommendations. Good performances require that a very large number of users have
rated a very large number of items.
• Grey sheep problem - individuals whose opinions are unusual, rarely receive accurate recommendations.
The sparsity problem aﬀects mainly the memory based methods (UBCF), but model based ones (IBCF) may also
be aﬀected. Typically, CBF and UBCF do not scale well to the computational burden done within the recommendation
process, which is proportional to both the number of items and users (in the case of UBCF, we usually have a large
item-user matrix). In the case of IBCF, the scalability problem is avoided since the model is built oﬀ-line and accessed
in recommendation time, not aﬀecting the response time. According to the literature on RS, the hybrid methods,
410   Artem Umanets et al. /  Procedia Technology  17 ( 2014 )  407 – 414 
with features from CBF, CF, and other approaches, achieve the best results [8]. Due to the increased complexity
of implementing a hybrid approach, we choose to implement the IBCF method for the GuideMe RS. More details
about the RS implementation are given in Section 4. The experimental evaluation of the developed RS is presented in
Section 6. For the GuideMe tourist guide, the RS items are the points of interest to be recommended to users, based
on their past visits.
4. Proposed Solution
This Section presents the simpliﬁed service architecture as well as the employed technologies used for the develop-
ment of the diﬀerent system components. The system is mainly composed by a representational state transfer (REST)
service with a data access layer which exposes a set of endpoints in order to be accessed by the client applications.
Client applications are available as Web-based and Mobile (for Apple’s iOS devices iPhone and iPad). Figure 1 shows
the proposed service architecture, divided into four main layers, with the following roles:
• The Database layer stores information regarding points of interest and user data.
• The Service Interface allows data manipulation from the layer below. It is mainly responsible for data security
and integrity tasks and the delivery of information in a structured format.
• The Recommender System is responsible for ﬁnding new points of interest based on the user’s past actions and
to recommend those to the user. It uses data from the database layer in order to compute the recommendations.
• Client Applications make HTTP requests to access data from the public API provided by the Service Interface.
4.1. Technologies and Tools
We start by describing a set of technologies related to databases, data model, and the REST service. Then, the Web
related technologies are discussed and, ﬁnally, we address the mobile applications. For information storage, we use
the MySQL relational database, which uses SQL for accessing the database. A pre-populated database, with a few tens
of points of interest, was created. The Service and Log DAL were implemented using the Java Hibernate Framework.
Fig. 1. GuideMe service architecture with four layers.
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The REST API provides a single data source for client applications, both existing as well as others that may appear in
the future. This API was developed using Java and the Play Framework.
The Web application is focused in technologies for user interface deﬁnition and structuring such as HTML5, CSS3
and JavaScript to enrich user’s interactivity. The server side of the Web application was developed using the Play
Framework. The Twitter Bootstrap framework was used to generate a layout with the desired dynamic content, thus
providing an user friendly platform. The targeted applications for the iPhone and iPad devices were designed taking
into consideration advanced aspects of the iOS platform, such as sharing code between iPhone and iPad (an universal
application). The main reason for choosing Java as the main language is due to the absence of licensing costs; the
same happens with both the Hibernate and Play frameworks. The choice in developing the iOS application is due to
technology popularity, widespread use on mobile devices, beautiful design, and its interface dynamics.
4.2. Recommender System
In order to provide quality recommendations for our users, we have used the Apache Mahout Recommendation Engine
library. Mahout provides several CF algorithms, for user and item-based recommendations. Nowadays, this library is
widely used for the implementation of RS. As we have discussed in Section 3, due to the reasonably good compromise
between algorithm performance and drawbacks, and taking into consideration the relatively small size of our database,
which, in this ﬁrst prototype, includes only points of interest from Portugal, we have chosen the IBCF approach for
our RS. The RS is implemented with the Slope One algorithm and scheduled to run everyday at 3:00 AM. The
service obtains a list of users who are eligible (those that have visited at least one location) for recommendations. For
performance reasons, the new recommendations for each user are computed solely after the user had an increase of
5% in the number of visited locations. A fast recommendation process is achieved, by dividing eligible users in equal
subsets, which are processed in separate threads.
5. Developed Prototypes
In this Section, we describe our prototypes for the GuideMe service as well as the major design criteria behind the
developed applications in terms of usability and code reuse.
The mobile application oﬀers two interfaces: a common interface, which can be accessed by any user; and the
administration interface. All users can consult points of interest near their current location, apply ﬁltering criteria (e.g.
by country, city, category, and weather conditions) to shorten the amount of results. Users also have the possibility
to consult recommended locations, mark locations as visited or wanted, follow and unfollow other users. Users with
administrative privileges can perform all tasks, such as insertion or update of touristic locations. The main focus of
the mobile applications is the users’s current location, which is represented by the geographic coordinates obtained
using the positioning service available on the user’s device, provided by GPS or Wi-Fi connections. By knowing
the users’s current location, the service suggests places of interest nearby, and their corresponding distances. When
the positioning or location services are not available, the application allows to consult the points of interest, without
displaying the distance between the user and the touristic location at hand.
Figure 2 illustrates some features of the application for the iPhone. From left to right, we have: the login screen,
where the user may choose the preferred social service to login or sign up; a list of the locations outputted by the
ﬁltering criteria; some detailed information regarding the chosen location. The iPad device is also supported by the
mobile application. The content of each screen is adapted to the device resolution, being slightly diﬀerent from its
iPhone counterpart. Both implementations share the code, with a few adjustments (universal application).
The Web application provides a subset of the functionalities of the mobile application. It allows users to authen-
ticate using their Facebook account, consult visited, wanted, and recommended locations, as well as the detailed
information of each location. They can visualize their proﬁle page with the information regarding the current account.
On the details page of the touristic location, users can consult the exact location through the Google Maps service.
5.1. Design Criteria and Discussion
During the service development, in order to achieve adequate and usable prototypes, we have followed some criteria,
as discussed in this Subsection. We have focused on the following points:
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Fig. 2. Screenshots of the iPhone application: login screen; location search; location details.
• Study of the similar solutions for tourist guides.
• Analysis of diﬀerent techniques and algorithms to perform a reliable RS.
• Systematic design and prototyping of the iOS and Web applications, to make them look simplistic, minimizing
the user’s learning curve.
The internationalization and the localization aspects of the application, were also taken into account. International-
ization is the technique for organizing localized resources so that an application can select the user-preferred set of
resources at runtime. Localization is the translation of text displayed by an application. It can also include the addi-
tion of images and other resources that are speciﬁc to a locale. GuideMe provides translation strings for the English
and Portuguese languages. If the user has conﬁgured any language other than English or Portuguese, the application
assumes English by default. During the remote requests, the language identiﬁer used for loading localized resources
is passed to our REST API, ensuring that the information is retrieved using the locale conﬁgured by the device.
We also use the Apple push notiﬁcation service (APNS) for notifying users about important events that occur
regarding them. An use case of this concept is when the user is followed by another. In this scenario, a push notiﬁcation
is sent detailing some event; otherwise this action could pass unnoticed to the follower.
6. Experimental Evaluation
6.1. Recommender System Evaluation
We have evaluated four RS algorithms available on the Mahout framework. On these tests, we have used the popular
MovieLens [6] datasets (movie rating datasets), provided by the GroupLens research group. The accuracy of the
diﬀerent algorithms was computed with the mean absolute error (MAE) metric [2]. We have 0 ≤ MAE ≤ 1, with 0
and 1 being the best and worst case, respectively. In most evaluation tests, we have split the MovieLens datasets into
two diﬀerent subsets, the training set which holds 80% of the data and the test set with the remaining 20%. In other
evaluation scenarios, we indicate the distribution of data between the training and the test subsets.
For the following evaluations, we have chosen four diﬀerent algorithms, Slope One and three item-based (IB) with
diﬀerent similarity measures: Euclidean Distance, Log Likelihood, and uncentered cosine. All these were set with
default parameters. The evaluation of these algorithms in terms of performance and execution time is illustrated on
Figure 3. The lowest MAE value is achieved by the Slope One algorithm on all dataset sizes. When the dataset grows,
these algorithms become more accurate in reading the produced recommendations. Slope One requires a large amount
of physical memory in order to compute the data model, but it presents beneﬁts in terms of performance (MAE) and
execution time, when compared with the other three algorithms.
We now assess the behavior of the Slope One algorithm with more detail. One of the key factors for memory
consumption is the diﬀ storage setting, which contains a precomputed average of diﬀerences in preference values
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between all pairs of items. Slope One keeps the most useful diﬀs, that is, the ones between a pair of items that appear
together most often, in the list of items associated with a user [13]. In order to analyze the trade-oﬀ between memory
consumption and recommendation performance, we use Slope One with diﬀerent values for the diﬀ storage [13]
parameter: unlimited diﬀ storage size, 500 000, and 100 000 diﬀ entries. On Figure 4(a), we show that the MAE
value is lower for the unlimited diﬀ storage. We obtain reasonable results when the diﬀ storage is limited to 500
000 entries, thus obtaining a good compromise between performance and memory usage. On Figure 4(b), we present
the Slope One performance by varying the percentage of data points on the training and test subsets, for the 10M
dataset. Usually, a larger training set implies better recommendation results. By using the diﬀ storage limited to 500
000 entries, the MAE value for the training set of 80% is around 0.7, which is still better than the other algorithms
reported on Figure 3(a). For the 500 000 entries and the unlimited cases, an increase on the percentage of training
set data above 60% does not yield signiﬁcant improvement on the MAE values. On the other hand, for the 100 000
entries case, the resulting MAE consistently drops with the increase of the percentage of training data.
Supported by these results and on the still relatively small size of the GuideMe database, we have chosen Slope
One with unlimited diﬀ storage (its default option) is the most suitable recommendation algorithm. With the increase
of the dataset size, we could limit the algorithm to use 500 000 diﬀ storage entries, keeping a reasonable performance.
6.2. Load Tests and Usability Evaluation
We have performed load tests to the REST API, using the Amazon’s free cloud service. Speciﬁcally, we have used
the Amazon EC2 instance with the following parameters: OS – Ubuntu Server 13.04.64, CPU – Intel Xeon CPU
E5-2650 0 @ 2.00 GHz, Single Core, RAM – 512 MiB. We have used the Gatling Stress Tool (gatling-tool.
org) to perform the load tests. The tests are named as simulations and were written in Scala. Each simulation is
composed by a scenario, which represent users’s behaviors, composed by one or multiple requests. To achieve reliable
feedback, we have created a test scenario based on eight requests: (1,2) List Locations (with and without ﬁltering
criteria), (3) Location Details, (4) Mark as Wanted, (5) List Recommended, (6) List Wanted, (7) List Following,
and (8) List Followers. Each scenario was executed several times, varying the number of users within the range
{1, 2, 5, 10, 20, 50, 100, 200} where each user performs the eight requests mentioned above. We have observed that the
number of handled requests/responses per second increased steadily from ≈ 0 (for 1 user) to ≈ 45 (for 100 users), and
decreases afterwards to ≈ 30 (for 200 users). The average request time increases linearly with the number of users.
We have also performed a usability evaluation, done by means of a survey delivered to 30 users. The survey was
divided into four sections: (i) general information about user’s gender and age range; (ii) set of questions related to
user’s experience with mobile applications; (iii) questions regarding the uselfulness and attractiveness of the appli-
cation’s screens; (iv) question about the possibility of installing the GuideMe application in the future, and also the
request for some comments and suggestions. Users have started by ﬁlling in the ﬁrst two sections of the questionnaire.
After, they were provided with the iOS device running the application and a maximum of 5 minutes to interact with
it. No help was given during that period of time. Finally, they were asked to ﬁll the third and fourth sections of the
questionnaire describing their opinion regarding the application. The majority of the users have liked the implemented
set of features and the overall design of the application. Despite that the usability tests should be done with a larger
audience, we have collected useful information allowing us to improve the application design in the future.
(a) (b)
Fig. 3. Evaluation of four Mahout recommender algorithms on the MovieLens dataset: (a) Recommendation MAE; (b) Running time.
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(a) (b)
Fig. 4. Diﬀ storage calibration for Slope One: (a) sensitivity on the dataset size, (b) eﬀect of the training ratio for diﬀerent diﬀ storage values.
7. Conclusions
Many people are busy in their daily routine and when an opportunity to travel comes, one typically chooses to spend
more time (and money) to visit well known touristic locations such as the Eiﬀel Tower or the Big Ben. Sometimes,
people forget or ignore the fact that their home country also has great places to visit. Many approaches for tourist
guides have been proposed, but all of them are mainly focused in well-known touristic locations.
We have developed a service, with Web and mobile interfaces, targeted at the discovery of previously unseen
touristic points of interest. We have integrated a collaborative ﬁltering based recommender engine. The recommended
information is based on locations previously rated by the user and other users. Users can visualize places in the
neighborhood of their current geographic location. Thus, our service helps users to discover new places without any
eﬀort from their part. The developed solution has an easy to use interface, for the widely used iOS platforms. The
usability and load tests done on the application produced adequate results. This application will contribute to tourism,
by promoting all kind of touristic locations, even the lesser known ones in the proximity of the users location. Its
social component with the recommender system allows for users to interact between themselves.
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